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Abstract— This study aims to examine the determinants of mortality-related to COVID-19 in Indonesia. Generalized 
additive models (GAM) was used for modeling the relationship between COVID-19-related deaths and predictor variables. 
Information used in this study was sourced from Badan Pusat Statistik (BPS Statistics Indonesia), Ministry of Health, and 
the Indonesian COVID-19 Task Force. The results obtained from GAM are statistically valid. Out of the eight predicting 
variables used in the analysis, six were significant and two were non-significant at 95 percent confidence interval. The 
significant variables are GRDP per capita, the proportion of population aged 60 years and over, life expectancy at birth, 
number of hospitals, number of people with tuberculosis, and number of diabetics. The model can explain the variation of 
COVID-19-related deaths by 98.5 percent, while the remaining 1.5 percent is attributed to other factors lying outside the 
model. In summary, this study suggests increasing the number of health facilities, carrying out health development 
programs, implementing health protocols, and mobility restrictions with prioritizing populations of vulnerable age or those 
with comorbidities can reduce mortality-related to COVID-19. 
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I.  INTRODUCTION  
 
COVID-19, as known as Novel Coronavirus, is a disease 
caused by coronavirus that can cause mild disorders of the 
respiratory system, severe lung infection, and even death. 
The virus, which was first discovered in Wuhan City, 
China at the end of December 2019, has spread to almost 
all countries in the world including Indonesia. As of June 
12, 2020, the cumulative number of confirmed cases of 
COVID-19 in Indonesia reached 36,406 cases, with 12,213 
patients recovered and 2,048 patients died. Figure 1 
presents visually the trend of new confirmed cases and 
number of patients died due to COVID-19. However, the 
trend of COVID-19 patients died is far more volatile than 
the addition of new cases.  
 
 
Figure 1.  Trend: new cases of COVID-19 as of June 12, 2020 
 
 
Figure 2.  Trend: patients died due to COVID-19 as of June 12, 
2020 
 
Based on the trend of COVID-19 deaths in Indonesia, the 
highest percentage of deaths is in the age group of 60 years 
and over, reaching 43.5%. This is due to the immunity 
level of body decreases as people get older and the 
presence of other chronic diseases, such as hypertension, 
diabetes, heart, kidney, and lung diseases that suffered by 
the patient, aggravating the patient’s condition1 [3]. 
 
The application of health protocols to the public during this 
pandemic is very important. The availability of hospitals 
and adequate medical personnel is no less important. This 
is because hospitals and medical personnel play an 
important roles in providing health response to the 
COVID-19 pandemic and also become the backbone of a 
country’s defense to restrain or overcome the spread of the 















































virus (WHO). The hospital is used as a place to examine, 
treat, and isolate the COVID-19 patients, while medical 
personnel have the role of caring, treating, and monitoring 
patient’s condition. Thus, the availability of hospital and 
medical personnel throughout Indonesia is expected to 
reduce the COVID-19 death rate, and increase the COVID-
19 recovery rate [4]. 
 
The variables used in this study are health level, economic 
level, and education level which are suspected to influence 
the COVID-19 death rate. This is based on the fact that the 
level of public health is an inhibiting factor for the spread 
of COVID-19, implicating the public immunity level 
against the disease. Thus, if someone in the population is 
infected with COVID-19, the chances of recovery is very 
high and the risk of death is reduced. From economic point 
of view, high income may provide greater access for the 
population to create a healthy lives, conduct health care, 
and access health facilities compared to the low-income 
population. Furthermore, education level reflects public 
knowledge of the danger of COVID-19 and the application 
of health protocols. So that when people understand and 
are able to apply health protocols, it will have implications 
for the slowdown of the transmission that would affect the 
low COVID-19 death rate. 
 
 
Figure 3.  Scatter plot between response variable: number of 
COVID-19 death with each predictor variable (GRDP per capita, 
proportion of population aged 60 years and over, life expectancy, 
average length of school, number of hospitals, number of medical 
personnel, number of people with tuberculosis and number of 
diabetics) 
 
Therefore, this study conducted a determinant model of 
COVID-19 death rate with number of patients died from 
COVID-19 as a response variable and predictor variables 
based on the factors mentioned earlier, including (1) 
demographic variables: proportion of population aged 60 
years and over and life expectancy at birth which 
represents the level of public health, (2) economic variable: 
GRDP per capita that represents the economic level of the 
population, (3) health infrastructure variables: number of 
hospital, and number of medical personnel (doctors and 
nurses) to the population, (4) chronic disease variables: 
number of people with tuberculosis and diabetes mellitus 
(diabetics), and (5) education variables: average length of 
school that represents the level of population education. 
The method used in this study is the Generalized Additive 
Model (GAM) with the following considerations: (1) GAM 
can accommodate nonlinear or unrelated forms of 
parametric relationships between response variable and 
predictor variables, (2) GAM uses a flexible regression 
method based on data pattern [6], [7], [8], and (3) scatter 
plots between response variable with each of the predictor 
variable (mentioned earlier) do not have any specified form 
of relationship in a particular parametric model (Figure 2) 
 
II. RELATED WORK 
 
The study of found out the fact that the sole determinant 
strongly related to both coronavirus cases and coronavirus 
deaths is the level of economic development. That means 
wealthier countries display larger susceptibility to the 
disease. Besides that, the population size is also a credible 
predictor of the registered coronavirus cases per million 
population, with more populated economies showing 
greater resistance for being infected by the virus [9]. 
 
Another research about the determinant for fatality patients 
with COVID-19. Patients with comorbidities had a 
significantly high death risk. But, due to the unavailability 
of individual patient data, the influence of age could not be 
concluded because old patients were more likely to have 
the underlying comorbidities [2]. Reference [10] found a 
similar result that patients with any comorbidity yielded 
poorer clinical outcomes than those without. A greater 
number of comorbidities also correlated with poorer 
clinical outcomes. 
 
Reference [7] was investigated the COVID-19 and its 
correlation between temperature and population density 
using generalized additive model (GAM). The results 
showed that temperature variation and humidity may not 





Data used in this study were sourced from Badan Pusat 
Statistik (Statistics Indonesia), Ministry of Health, and 
Indonesian COVID-19 Task Force. GRDP per capita 
(GRDP), proportion of population aged 60 years and over 
(PROP60+), life expectancy at birth (LE), and average 
length of school (AVS) data were sourced from the 
Statistics Indonesia. Number of hospitals (HOSPITAL), 
number of medical personnel, limited to doctors and 
nurses, (MEDIC), number of people with tuberculosis (TB) 
and number of diabetics (DIABETICS) data were sourced 
from the Ministry of Health. Number of deaths (DEATH) 
by province was sourced from the Indonesian COVID-19 
Task Force. 
 
Generalized Additive Model (GAM) 
Generalized Additive Model (GAM) is a statistical model 
in which the relationship between response variable and 
predictor variables is described as sum of the functions of 
predictor variables (where the function is a nonlinear 
function). GAM is formulated as follows: 
                    ∑                                     (1) 
 
where: y is the response variable (number of deaths due to 
COVID-19), δ0 is intercept,    is the k-th predictor 
variable (in this case includes GRDP per capita, proportion 
of population aged 60 years and over, life expectancy at 
birth, average length of school, number of hospitals, 
number of medical personnel, number of people with 
tuberculosis and number of diabetics),    is number of 
predictor variable, and      is a smoothing function of the 
k-th predictor variable, in this study, the authors use the 
identified B-Spline smoothing (P-Splines) as a smoothing 
function of the predictor variable. 
      
In this study, the authors use the predetermined B-Spline 
smoothing (P-Splines) as a smoothing function of the 
predictor variables. B-splines are polynomial functions that 
have segmented properties at the x -interval formed by 
knot (piecewise polynomial) which are then estimated 
locally at these intervals to a certain degree of polynomial 
[1]. The j-th B-splines with degrees v based on a row of u 
knots         for           (u express the number 
of knots) are denoted by the recursive formulation as 
follows: 
                                                              (2) 
 
with: 
                        {                                                                    (3) 
 
Based on equation (2) and (3) obtained that at 
interval           , then: 
       ∑                 
 
Based on equation (1) no functional form of      is known, 
then the function is approximated by the B-splines 
function, by formulation: 
                                 ∑                                                
 
So the function f (.) is assumed to be a smooth function 
that is approximated by a linear combination of B-splines 
(B-splines function). Based on equation (4), then equation 
(1) becomes: 
                                ∑                                                
Equation (5) is denoted as a matrix equation: 
                                                                                     
 
with: 
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from equation (6) the least square is obtained: 
                                  ̂                                                
 
based on equation (7), then the estimator for the regression 
model in equation (5) is: 
                           ̂                                             
 
The use of too many knots makes the B-splines function 
curve tend to be over fit so penalties are needed on the 
adjacent coefficients of the B-splines [5]. In general, the 
objective functions of B-splines regression given a penalty 
or P-Splines are as follows: 
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where     is the smoothing parameter and           is the second derivative of        . Here 
are some derivatives of B-splines and B-splines 
functions that are useful in the estimation process: 
 
- First derivative of B-splines 
                                                                       
                         
 
- Second derivative of B-splines                        (  (         )(         )          (  (         )  (         ))  (           )             (         )(         )           ) 
 
- First derivative of B-splines function 
              ∑                               
 
- Second derivative of B-splines function 
                     (∑                                                            ) 
 
IV. RESULTS AND DISCUSSION 
 
Based on Table 1, it is obtained that the variables that have 
a negative and significant relationship to COVID-19 deaths 
are life expectancy and number of hospitals, which means 
that when life expectancy and the number of hospitals are 
high, the number of COVID-19 deaths tends to be 
nonlinearly low. This indicates that with high level of 
public health, the risk of death due to COVID-19 tends to 
be low and as more hospitals treat COVID-19 patients, the 
risk of death due to COVID-19 is also low. 
 
The predictor variables that have a positive and significant 
relationship to COVID-19 deaths are the proportions of the 
population aged 60 years and over, people with 
tuberculosis and diabetics. The more population aged 60 
years and over in an area, the more COVID-19 patients 
tend to be there, consequently the risk of death is higher 
because body immunity at the age of 60 years and over is 
reduced compared to young human body, so it tends to 
increase the COVID-19 death. Likewise, when the number 
of people with tuberculosis and diabetics in an area is high, 
if the patients is also infected with COVID-19, then the 
risk of death due to COVID-19 is also high. 
 
GRDP per capita variable, which is theoretically should 
have a negative and significant relationship to COVID-19 
death, empirically related positively and significantly in 
this case. Authors suspect that the GRDP is a reflection of 
the economic transactions of all business actors in a certain 
area which also reflects the population’s mobility 
indirectly. When the GRDP is high, then indirectly, 
mobility tends to be high so that the spread of COVID-19 
is also increasingly widespread that implicates the risk of 
people getting affected by COVID-19 is also high so in the 
end COVID-19 deaths are also increasing. 
 





information              0.000 Significant at alpha level of 5 
%                    0.000 Significant at alpha level of 5 
%                     0.000 Significant at alpha level of 5 
%                 0.000 Significant at 
alpha level of 5 
%           8.104 0.061 Not Significant at alpha level of 
5 %                         0.003 Significant at 
alpha level of 5 
%                     0.081 Not Significant at alpha level of 
5 %                  0.000 Significant at 
alpha level of 5 
%                         0.000 Significant at 
alpha level of 5 
%              98.472%   
AIC    320.701   
 
Then, the average length of school and medical personnel 
variables were not significant for COVID-19 deaths. The 
authors suspect that higher education is not enough to 
make population adhere to the COVID-19 health protocols, 
thus implicating in increasing COVID-19 death. From the 
medical point of view, the increase in the number of 
medical personnel cannot keep up with the growth of 
COVID-19 cases. Thus, when COVID-19 death increases 
on the other hand the number of medical personnel tends to 
be constant. The estimation results of this determinant 
model obtained a coefficient of determination equal to 
98.472%, which means that this model is able to explain 
variations in the COVID-19 death variable by 98.472%, 
while the remaining 1.528% is explained by other factors 
outside the estimated model. 
 
V. CONCLUSION & RECOMMENDATION 
 
Based on the result, it can be concluded that the COVID-19 
death determinant model estimated using GAM is valid. 
This is based on: (1) out of the eight predictor variables 
proposed by the authors, there are six significant predictor 
variables (GRDP per capita, proportion of population aged 
60 years and over, life expectancy at birth, number of 
hospitals, number of people with tuberculosis, and number 
of diabetics) and two non-significant predictor variables at 
the alpha level of 5% (average length of school and limited 
to doctors and nurses), and (2) this model can explain the 
variation of COVID-19 death variable by 98.472 %, while 
the remaining 1.528% is explained by other factors outside 
the model. 
 
GDRP contributed positively significant to COVID-19 
death shows the high level of economic transactions that 
occur. So, health protocols have to be implemented in 
conducting economic transactions and optimizing online 
economic activities to avoid face-to-face transactions. 
Besides, mobility restrictions have to be implemented and 
prioritize for populations of vulnerable age or those with 
comorbidities. The government has to increase the number 
of health facilities to treat all patients with COVID-19 
properly in health facilities so there is no overload of 
COVID-19 patients. Life expectancy at birth has always to 
be better by carrying out health development programs and 
other social programs contain environmental health, 
adequate nutrition and calories so it can reduce the death 
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